Abstract. This paper addresses the issue of the stability of lists of genes identified as differentially expressed in microarray experiments. The similarities between gene rankings yielded by various gene selection methods performed with resampled datasets were assessed. The mean percentage of overlapping genes for two rankings varied from 10 to 90% depending on the applied gene selection method and the size of the list. The assessment of the stability of obtained gene rankings seems to be relevant in the analysis of microarray data.
Introduction
Microarrays are a new technology applied in the genetics field, enabling simultaneous investigation of expression levels of thousands or tens of thousands of genes. In many cases, the main aim of a microarray experiment is the identification of genes involved in the aetiology of a particular disease or the selection of genes enabling the differentiation between disease subtypes as well as the prediction of future events, such as response to applied therapy, survival times, relapse of a disease or cancer recurrence. Thus, the proper identification of genes differentially expressed, e.g. between the diseased and normal tissue, is crucial because it often determines, to a certain extent, the direction of further research, which is frequently focused on selected genes.
In the vast majority of microarray experiments, the selection procedures of differentially expressed genes restrict the number of investigated genes from the total of tens of thousands to tens and "the results of microarray studies are usually the starting point for further more expensive and timeconsuming experiments, which involve only a small number of candidate genes" (Aerts et al., 2006) .
Typically, in a microarray experiment the number of arrays is in the range of a few microarrays to over 200 or 300, while the number of exam-ined genes is in the range between a few thousand and tens of thousands. Therefore, the selection of differentially expressed genes is a very important stage of microarray data analysis and involves the use of methods that can be used when the number of features (genes) is much bigger than the number of samples (microarrays). There have been many methods developed for the selection of active genes in microarray settings. However, the lists of genes identified as differentially expressed produced by those methods may differ substantially.
Another problem associated with the gene selection procedure is the stability of gene lists obtained with a particular method but with slightly modified versions of the dataset (Boulesteix et al., 2009 ), e.g. subsampled dataset. The gene rankings obtained with a method performed, e.g. with bootstrap samples of the original dataset, may significantly differ from the ranking returned by the same method applied to the whole dataset.
In the vast majority of cases, the standard procedure of microarray data elaboration involves the use of one active gene selection method applied to the whole data set and further analysis and reasoning is partly based on that list.
This work addresses the issue of gene selection stability and its dependence on the applied method of active gene identification. The similarities between gene rankings yielded by various methods and between rankings obtained for the perturbed dataset were considered. The analysis was performed for three datasets. Four methods of gene selection were applied and compared.
Material and Methods
The analysis was performed based on three high density oligonucleotide microarray datasets downloaded from the public repositories. The first dataset contained data from 167 samples of oral squamous cell carcinoma (OSCC) and 17 samples of oral dysplasia tissues (Chen et al., 2008 ; public repository GEO -GSE30784). The data were used to identify genes enabling differentiation between OSCC and dysplasia. In further considerations this dataset will be called dataset 1.
Another dataset concerned the problem of early detection of colorectal cancer (CRC) and consisted of expression data from 100 whole blood samples from patients with CRC and from 100 samples from patients without any symptoms of CRC, inflammatory bowel diseases or polyps (Xu et al., 2013 ; public repository ArrayExpress -E-MTAB-1532). The gene expression profiles from this dataset were used to pick up genes useful in the early recognition of CRC. This dataset will be referred to as dataset 2 from this point forward.
The third dataset comprised expression profiles from a total of 58 cirrhotic tissue samples from liver tissue with HCV infection. Seventeen of them were from patients with hepatocellular carcinoma and 41 were from patients without hepatocellular carcinoma (Mas et al., 2009 ; public repository GEO -GSE1423). The analysis of this dataset aimed to identify genes enabling the differentiation between cirrhotic tissue and cirrhotic tissue with concomitant hepatocellular carcinoma. This dataset will be referred to as dataset 3.
The data were previously pre-processed, so for each probe expression summaries were available. The gene selection was performed by the use of two methods based on the t-test, i.e. Parametric Empirical Bayes Method (Limma) (Smyth, 2004) and Significance Analysis of Microarrays (SAM) (Tusher et al., 2001) , and the Nonparametric Empirical Bayes Method based on Wilcoxon rank sums (EbamWilcoxon) (Efron et al., 2002) and the Wilcoxon rank sum test (Wilcox) were also applied.
The above mentioned methods of variable selection return ordered lists of candidate genes, where the genes are ordered according to the criterion used to rank variables, i.e. the absolute value of a particular test statistic. The highest ranked genes are considered for further analysis. The top k-list of candidate genes is the list of k genes with the highest rank values, so there are the genes from the top of the ordered list of candidate genes.
For each of the considered datasets in this work, the identification of differentially expressed genes was performed by the use of the four various methods of feature selection. Additionally, to address the issue of the stability of obtained gene lists, the feature selection methods were applied with the re-sampled datasets. The Jackknife subsampling technique was applied. The dataset was split into 10 disjoint folds of approximately equal size and the samples were created by removing the consecutive folds from the whole dataset. This procedure was repeated 10 times, so 100 samples were created, each comprising approximately 90% of the whole dataset.
To assess the similarity of two gene rankings, the proportion of common genes in the two top k-lists was calculated. This measure is also denoted as a percentage of overlapping genes (POG) (Zhang et al., 2009) . To visualize the similarity of two gene rankings (the two top k-lists) versus the size k of the list, a descriptive plot called correspondence at the top (CAT-plot) was applied (Irizarry et al., 2005) . CAT curves show the proportion of common genes plotted against the size of the lists.
To assess the stability of a gene ranking obtained with a particular gene selection method, the comparison of the ranking obtained for the original dataset and rankings derived for subsamples was performed. The POG for pairs of rankings (the ranking for the original dataset and for the subsample) was calculated and then the mean value of POG for all these pairs was also determined.
To consider the similarities between rankings derived with various gene selection methods, the POG was calculated for pairs of rankings obtained with different methods. Then, for each pair of methods, the mean value of POG for subsamples was computed.
Additionally, an attempt to aggregate rankings based on subsamples was made and then the comparison of classification, based on the single ranking and the ranking derived from aggregation, was carried out.
To perform the selection of differentially expressed genes and classification based on identified gene sets, the whole dataset was split into 10 disjoint folds of approximately equal size. Each fold was used as a testing set while the remaining arrays were used as a training set. This procedure was repeated 10 times (ten ten-fold cross-validation). For each training set (TS), the selection of genes was performed in two ways. At first, active gene identification was performed for the whole TS, which resulted in a single ranking. Then, the selection procedure was applied to the re-sampled TS. The bootstrap samples were created by drawing samples (arrays) with replacements from the TS. For each bootstrap sample, the selection of genes was performed. The re-sampling was repeated 100 times, so for each TS 100 gene rankings were obtained. Then the rankings were aggregated and for each gene the final score was estimated as a sum of ranks from all the lists. A single rank of a gene g in a list was estimated as 1/r (to assign bigger weight to genes on the top of the list) where r is the position of the gene on a single list, so the final score s of a gene g was estimated as s g = n i=1 1/r, where n denotes the number of lists. Therefore, for each TS two gene rankings were derived: the ranking from the single selection of genes from the TS (ranking 1) and an aggregated ranking from the resampling of the TS (ranking 2). Then, classification based on the two rankings was performed. The classification was carried out for the consecutive subsets of the first 2, 3, . . . , 100 highest ranked genes from both rankings.
The procedures of gene selection and classification were repeated for all pairs of training and testing sets. For classification, the classifiers widely used in microarray data analysis (Boulesteix et al., 2008; Van Sanden et al., 2008) , such as the Support Vector Machines with linear kernel (SVMl), Support Vector Machines with radial kernel (SVMr), Diagonal
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Linear Discriminant Analysis (DLDA) and Diagonal Quadratic Discriminant Analysis (DQDA) were used.
Results and Discussion
The considered gene selection methods were applied to identify the differentially expressed genes in the three analyzed datasets. Each method was applied both with the original dataset and with the re-sampled dataset.
To assess the stability of gene rankings produced by a particular gene selection method, the similarities between the rankings obtained with the original dataset and the rankings obtained with the re-sampled dataset were examined. The values of POG for the top k-list for the whole dataset and the top k-lists corresponding to the sub-samples were calculated and averaged.
The mean values of POG for the consecutive top k-lists, for k = 10, 20, . . . , 300 were calculated. Figures 1-3 present the CAT-curves for the top k-lists for the whole and sub-sampled dataset, for various gene selection methods and investigated datasets.
The highest number of common genes was observed for dataset 2. The POG for the top 100 genes was over 80%; however, the POG for dataset 1 and dataset 3 for the same number of genes was from 75 to 80%, depending on the method. The standard errors for the mean values of POG were in the range between 0.1 and 1%.
The Stability of Gene Selection in Microarray Experiments
For dataset 3, the Significance Analysis for Microarrays and Parametric Empirical Bayes Method seemed to yield a higher overlap of selected genes than the Wilcoxon rank sum test or the Nonparametric Empirical Bayes Method, however the differences were small. For dataset 1 and dataset 2, the mean overlap of gene rankings was comparable for all considered methods.
Additionally, to illustrate the variability between the top k-lists, the proportion of genes common for all the samples using each method was calculated. Figures 4-6 show the percentages of common genes for the top k-lists obtained for all subsamples. The percentage of overlapping genes varied from 20-25% for the top 100-list for dataset 1 and 20-40% for dataset 3 to 35-40% for dataset 2. This means that for 100 lists of the top 100 genes, for the analyzed datasets, 20-40 genes, depending on the dataset and the method, might be encountered on each list. For the top ranked list containing 300 genes, the overlap was also between 20 and 40%, so 60 to 120 genes were common for all the rankings.
To assess the similarities of gene rankings yielded by the considered gene selection methods, for each subsample, the POG for pairs of rankings produced by different methods were calculated. Then for each pair of methods the mean values of POG for all subsamples were computed. The mean values of POG were calculated for the consecutive top k-lists, (k = 10, 20, . . . , 300). To visualize the similarities of the gene lists yielded by various feature selection methods, the CAT-plots were created. Figures 7-9 present the CAT-curves for pairs of methods. The highest percentages of overlapping genes were obtained by using the Wilcoxon rank sum test and the Nonparametric Empirical Bayes Method -based on this test, the percentage was over 90%. Also, the overlap of rankings produced by Parametric Empirical Bayes Method and Significance Analysis of Microarrays was about 85 and over 90% for dataset 1 and dataset 2, respectively, for the list of 100 features, but for dataset 3, for the same list size, it was about 50%. For the other methods, the results obtained for different datasets varied depending on the dataset. The highest values of POG for all Figures 10-12 show the proportion of genes common for all subsamples for all pairs of considered gene selection methods. The highest overlap was obtained for dataset 2 (about 25-35% for all pairs of methods for the list of 100 genes) and the lowest overlap was derived for dataset 1. For some methods, it was below 10% for the top 100-list.
There is a question regarding which genes should be used in further analyses. The answer is not straightforward and various strategies may be considered, depending on the main aim of the experiment. One of the possible solutions is the aggregation of ranks from multiple rankings.
The analysis of the three datasets shows that the smallest overlap of top k-lists was obtained for dataset 1. For this dataset, the comparison of classification based on rankings derived from the whole training set (ranking 1) and the rankings returned as a result of aggregation of lists obtained from re-sampling of the training set (ranking 2), was performed. The selection of genes was performed with the use of the Parametric Empirical Bayes Method. Figure 13 presents the cross-validation misclassification error rates obtained for the classification based on the two types of rankings (ranking 1 and ranking 2). The classification was carried out for the consecutive subsets of the first 2, 3, . . . , 100 genes from both rankings. DQDA, DLDA, SVMl and SVMr methods were used for classification. The lowest misclassification error rates were obtained for SVMr for ranking 2 -for 33 genes the error was equal to 0.057, while for the same number of genes for ranking 1, the error was 0.071. The error rates obtained for the SVMl were comparable to those obtained for radial kernel. The lowest error was obtained for 83 genes and was equal to 0.058 for ranking 2, while for ranking 1, the error was 0.067. For DLDA, the error rates were in the range between 0.088 and 0.131 for ranking 2 and, respectively, between 0.096 and 0.140 for ranking 1. The highest misclassification error rates were derived for DQDA. The errors varied from 0.116 to 0.151 for ranking 2 and from 0.109 to 0.163 for ranking 1.
The misclassification errors were lower for rankings obtained from aggregation of many lists derived from resampling of the training set (ranking 2) for all applied methods and almost all considered subsets of genes. 

Conclusion
The selection of features is a very important stage of elaboration of data from microarray experiments. The assessment of the stability of obtained gene rankings seems to be relevant and the careful analysis and comparison of gene lists obtained for perturbed datasets and/or various gene selection methods may help to get more reliable rankings. Certainly, further investigations in this area are necessary.
